The increasing occurrence of natural disaster events and related damages have led to a 16 growing demand for models that predict financial loss. Although considerable research has 17 studied the financial losses related to natural disaster events, and has found significant 18 predictors, there has not yet been a comprehensive study that addresses the relationship 19 among the vulnerabilities, natural disasters, and economic losses of the individual buildings. 20
which also generated critical waves and surges. These effects created significant financial 31 with a ±5% precision level, a 95% confidence level, and the sample size is larger than 370 1 (Israel 1992). 2 3
Explanatory variables 4

Hurricane Indicators 5
Several hurricanes occur throughout the United States every year, destroying private property 6 and infrastructure. Several hurricane indicators may play a key role indetermining damage. 7
For instance, wind parameters are significant hurricane indicators, as they are directly related 8 to damages and surges. 9
The Hurricane Research Division (HRD) real-time hurricane wind analysis system (H*Wind) 10 was produced by of the National Oceanic and Atmospheric Administration (NOAA) in order 11 to combine hurricane observation systems. During hurricanes, the HRD gauges wind 12 parameters from every weather center for a four to six hour interval. After collecting the 13 gauged data, such as the direction steadiness, speed, duration, and direction of maximum 14 sustained wind, these data are then combined to create a wind swath map (Dunion et al. show the longitude and latitude information and the measurements of wind parameters, such 22 as the direction steadiness, speed, duration, and direction of maximum sustained wind. With 23 these data, researchers can create maps for their desired area, time, and hurricane, and can 24 examine the wind and hurricane damage (Burton, 2010; Powell et al., 1998) . 25
In addition, the side of a hurricane can act as a key indicator in determining hurricane damage. 26
Properties that are located on the left side of a hurricane path typically have less damage than 27 properties located on the right side of a hurricane path in the Northern Hemisphere (Keim et  28 al., 2007; Noel et al., 1995) . The reason for this is that a hurricane's forward movement and 29 counter clockwise rotation interact with each other, which generates different wind directionsand intensities on either side of the hurricane. The two different actions of hurricanes, 1 counterclockwise rotation and forward movement, are combined in the right side of 2 hurricanes and then the right side has broader and stronger winds. Conversely, properties on 3 the left side of a hurricane path are less prone to losses. Conversely, properties on the right 4 side of a hurricane path are less prone to losses. As a result, this hurricane indicator could 5 play a prominent role in determining damage. Therefore, the H*Wind analysis and the side of 6 the hurricane path should both be considered when predicting hurricane damage. 7 8
Built Environment Vulnerability Indicators 9
The insurer should evaluate the insured built environment to measure the vulnerability in 10 order to assess the possible loss. The vulnerability of a built environment is determined by the 11 intensity of exposure to natural disasters and the magnitude of loss (Khanduri and Morrow, 12 that properties near water are more vulnerable than properties located farther away from water. 22
Thus, assessing geographical vulnerability is crucial when measuring the hurricane damage. 23
In this study we thus consider, FEMA Flood Zones, Hurricane Surge Zones, and distance 24 from water for predicting hurricane damage. Table 3 shows the all variables used in this study. 
Descriptive analysis 24
The descriptive statistics for the dependent and independent variables are detailed in Table 4 . 25
The mean and median were used to examine the data's central tendencies. The standard 26 deviations show the spread of the samples. The quartiles represent the data dispersion, and the 27 skewness and kurtosis reveal the shape of the distribution. For the skewness values, the 28 distribution of the ratio is markedly skewed to the right, since the value of 3.00 is higher than 29 0, which implies that the distribution is positively skewed. In compliance with the value of the 1 kurtosis, the distribution of the ratio has sharper and higher peaks than a normal distribution, 2 since the value of 13.32 is higher than 3, which indicates that the data is not normally 3 distributed. 4 5
Correlation between ratio and variables 6
A Pearson Correlation analysiswas conducted to examine the ratio and the continuous 7 variables ( Table 5 ). The building floor area is the only variable that has an insignificant 8 relationship to the ratio. The other variables (i.e., max. sustained wind speed, building age, 9
and distance from the property centroid to shoreline) have significant relationships with the 10 ratio. The max. wind speed and building age have positive sign of the coefficients. It defines 11 the indicators have positive correlation with ratio. On the other hand, the building area and 12 distance from the property centroid to shoreline have negative sign of the coefficients. It 13 indicates the indicators have negative correlation with ratio. 14 Table 6 shows the results of our correlation analysis with the ratio and ordinal variables. 
Analytic for residuals and transformation 24
The Kolmogorov-Smirnov value was used to exam the normality of the residuals. The P-25 value of 0.000 was smaller than 0.05, which implies that the residuals are not normally 26 distributed (Table 7) . Furthermore, the histogram of the standardized residuals and the Q-Q 27 plot also show that the residuals of initial model are not normally distributed (Figures 4a and  28 b). Figure 5 displays the residuals plot. This plot shows the constant variance of the residuals, 29
verifying that the residual plot has a pattern, implying that the residuals are not randomlydistributed. Therefore, the test and diagnostic of the residuals prove that the dependent 1 variable requires a transformation. 2 Therefore, the ratio was transformed by a natural log as follows: 3 Followingthe log transformation of the ratio (Table 8) , the Kolmogorov-Smirnov value has a 5 P-value of 0.200, which verifies that the residuals ofthe transformed ratioare normally 6 distributed. In addition, the Q-Q plot and the histogram of the standardized residuals also 7 indicate that the residuals of the transformed ratio are normally distributed (Figure 6 ). Figure  8 7 displays the residuals plot to exam the homoscedasticity. The residuals are randomly 9 distributed, without any tendencies. This implies that the variance of the residuals is constant. 10
To obtain the best-fit regression model, we utilized the backward elimination method. The 11 summary of the transformed ratio regression modelis shown in Table 7 . The model is 12 statistically significant, which means there is a linear relationship between the dependent 13 variable and the independent variables. Therefore, the multiple linear regression model can be 14 used to predict the transformed ratio. The adjusted R 2 value is 0.337, which indicates that 15 approximately 34% of the variability in the transformed dependent variable can be explained 16 with the significant predictors (i.e., the right side of the hurricane track, building age, 17 hurricane surge zones, and distance from the property centroid to shoreline). 18 Table 9 shows the summary of the coefficients for the original and transformed ratio 19 regression model. In the transformed model, the four significant predictors, the right side of 20 the hurricane track, the building's age, the hurricane surge zone, and the distance from the 21 property centroid to the shoreline, were identified and used to predict the transformed ratio. 22
The FEMA flood zones, maximum sustained wind speed, and building floor area were 23 eliminated, because their P-values were higher than 0.10. The range of the Variance Inflation 24 Factor (VIF) was from 1.022 to 2.180. These values imply that there is no multicollinearity 25 among the independent variables, which confirms that there is no correlation between the 26 independent variables. 27
The standardized coefficients, also called beta coefficients, employed to reveal which 28 independent variables had more effect on the ratio when the variables are various units. When 29
considering the values of the coefficients, the ranking used is as follows: (1) building age, (2)According to the unstandardized coefficients, a multiple linear regression model was 1 established with four significant predictors to predict the transformed ratio, as shown in 2 Equations (4) and (5). The models are able to describe approximately 34% variability of the 3 transformed ratio. variables were also used to measure the magnitude of the dependent variable; therefore, the 21 ratio can be measured using the prediction model in Equation (4). 22
In this model, the right side of the hurricane path and the ratio showed a positive relationship, 23 meaning that the ratio increased when properties were located on the right-hand side of the 24 hurricane path. This finding supports previous research, which found that properties located 25 on the right-hand side of a hurricane path generally receive more losses than ones located on 26 the left-hand side of the hurricane path (Keim et al., 2007; Noel et al., 1995) , and verifies that 27 this particular variable is a significantpredictor for forecasting hurricane damage. Building 28 age and the ratio also have a positive relationship, where the ratio increases with increasing 29 building age. This is in accordance with previous research that found that building age is acritical predictor for forecasting hurricane damage (Highfield et al., 2010) .There is a negative 1 relationship between hurricane surge zones and the ratio that decreases as the hurricane surge 2 zone number increases. This shows that hurricane surge zones are also a significant predictor. 3
The distance from the property centroid to the shoreline and the ratio also have a negative 4 relationship. The ratio decreases if the distance increases. This is also in agreement with 5 previous research arguing that distance from water is correlated to hurricane damage and is a 6 critical predictor for forecasting hurricane damage (Highfield et al., 2010) . 7 8
Conclusions 9
Due to the increasing frequency and intensity of natural disaster events and the resulting 10 damages, the demand for predicting the related financial losses has been growing. There has 11 been a considerable amount of work that has studied the financial loss from natural disasters 12 and has found significant predictors; however, there has yet been no study that has addressed 13 the relationship between the vulnerabilities, natural disasters, and economic losses of 14 individual buildings in a comprehensive way. This study identified the vulnerability 15 predictors for hurricanes, establishing a metric to predict the financial losses from hurricanes. 16
As the dependent variable, we used the ratio ofthe value of the Texas Windstorm Insurance 17
Association's (TWIA) claim payout divided by the appraised values of the buildings to 18 predict the real pecuniary loss, to determine the actual amounts, and to find significant 19 predictors. As independent variables, we choose the hurricane indicators, built environment 20 vulnerability indicators, and geographical vulnerability. 21 The developed statistical model and results form an important guideline for insurance 22 companies and emergency planners when predicting hurricane damage. For instance, 23 following our indicators, insurance companies can adjust and reconsider their policies for 24 increased profits. Using our model, government agencies and emergency planners can 25 identify hurricanes and the built environment and geographic vulnerability indicators, and 26 then evaluate the effects of each factor with respect to hurricane risk for improved hurricane 27 damage predictions. It is possible that, at a later date, other states will be able to identify the 28 significant relationships between the indicators and predicting hurricane damage. Through 29 developed statistical models, it is possible that other states may at some point be able to 30 identify the significant relationships among the indicators in order to assess their own possible 31 hurricane losses. The vulnerability indicators included in this study will help to identify 32 building environment and geographic vulnerabilities, as well as evaluate the effect of each 1 factor with respect to damage from hurricanes in order to mitigate perceived danger. 2 Additionally, the significant hurricane indicators will help to improve hurricane damage 3 prediction and also would help to build other damage functions by the indicators. Moreover, 4 the damage function might have reduce uncertainties of the modeling tools, since we 5 statistically investigated real damage records. However, the damage function would be 6 limited in mega hurricane like Hurricane Ike, since we investigated only a mega hurricane. Powell, M. D., Murillo, S., Dodge, P., Uhlhorn, E., Gamache, J., Cardone, V., Cox, A., Otero, 29 
